Abstract. It has been demonstrated that long non-coding RNAs (lncRNAs) are important in the gene regulatory network and their dysregulated expression has been implicated in cardiovascular disease. However, little is known regarding lncRNA expression patterns and their function in the progression of acute coronary syndromes (ACSs). In the present study, the expression profiles of lncRNAs from 52 patients with ACS were analyzed by re-annotating existing microarray data. The lncRNA expression profiles in the two distinct clinical entities of ACS, myocardial infarction (MI) and unstable angina (UA), were examined. Out of the 2,332 lncRNAs assessed, it was identified that 18 lncRNAs were upregulated and 35 lncRNAs were downregulated in patients with MI compared to those with UA. Furthermore, the expression profiles of patients with ACS were compared at different time points and significantly altered lncRNA expression was observed during the progression of ACS. A total of 7 candidate lncRNA biomarkers were identified and an lncRNA-based classifier was developed to predict MI risk based on the expression data of the 7 lncRNAs using random forest and support vector machine strategies. This achieved a classification accuracy of 90.38% with a sensitivity of 100% and a specificity of 68.75%. Additionally, functional analysis suggested that these 7 lncRNAs may be involved in known MI-associated biological processes and pathways.
Introduction
Acute coronary syndrome (ACS), one of the most severe cardiovascular diseases, remains the leading cause of morbidity and mortality worldwide (1) . ACS represents a spectrum of diseases arising from coronary atherosclerotic plaque rupture, ranging from unstable angina (UA) to ST-segment elevated myocardial infarction (2, 3) . Clinical management and patient outcomes may be improved by the early diagnosis and treatment of ACS. Therefore, it is necessary to identify novel biomarkers associated with the development and progression of ACS.
Advances in genomics and transcriptomics demonstrated that only 2% of the human genome is made up of protein-coding sequences and that the majority of the genome is transcribed into non-coding RNAs (ncRNAs) (4) . Furthermore, ncRNAs may be divided into two distinctive types based on their size: Small ncRNAs and long non-coding RNAs (lncRNAs). LncRNAs are a class of ncRNAs ranging in length from ~200 nucleotides to 100 kilobases (kb) and they have gained widespread attention (5) . Accumulating evidence has suggested that lncRNAs are a key component of the gene regulatory network (6) . Furthermore, a large number of studies have highlighted the important roles lncRNAs serve in various biological processes, including epigenetics, genomic imprinting, nuclear organization, alternative splicing and nuclear import, by regulating gene expression at the transcriptional, post-transcriptional and epigenetic levels (7, 8) .
Aberrant expression patterns of lncRNAs have been widely observed in various diseases, such as cancer (9) (10) (11) and dysregulated lncRNAs may serve oncogenic or tumor suppressive roles in the development and progression of different types of cancer (12) . For example H19, a lncRNA 2.3 kb long, exhibits oncogenic and tumor suppression properties in cancer (13) . Additionally, previous studies have determined that the dysregulated lncRNA expression contributes to the development of cardiovascular diseases. It has been determined that lncRNA ANRIL is an important risk factor for coronary disease due to its involvement in regulating histone methylation (14, 15) . Furthermore, the lncRNA myocardial infarction-associated transcript is associated with myocardial infarction (MI) (16) . However, knowledge of lncRNA expression Analysis of long non-coding RNA expression profiles identifies functional lncRNAs associated with the progression of acute coronary syndromes patterns and their function in the progression of ACSs remains in its infancy. In the present study, a genome-wide expression profile analysis was performed to identify the expression patterns between UA and MI, as well between patients with ACS 7 days post MI or UA and those patients with ACS 30 days post MI or UA. The present study aimed to determine the expression pattern of lncRNAs and facilitate the identification of functional lncRNAs associated with ACS progression.
Materials and methods
Patient dataset. The gene expression profiles of patients with ACS were collected from the GEO database (http://www.ncbi.nlm.nih.gov/geo/) under the accession number GSE29111 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cg i?acc= GSE29111). This dataset measured the genome-wide gene expression on the blood samples from 36 patients with MI and 16 patients with UA at 7 and 30 days post-ACS using an Affymetrix HG-U133 Plus 2.0 Microarray (Affymetrix; Thermo Fisher Scientific, Inc., Waltham, MA, USA).
Acquisition and analysis of lncRNA expression profiles in patients with ACS. Probe annotation sequences for the Affymetrix HG-U133 Plus 2.0 Microarray were obtained from the Affymetrix website (http://www.affymetrix.com/). Raw gene expression data profiled from the Affymetrix HG-U133 Plus 2.0 Microarray for the GSE29111 dataset were downloaded and normalized using the Robust Multichip Average algorithm for background adjustment (17) and were log-transformed (base 2). To obtain the data for lncRNA expression, probes were re-annotated to known lncRNA sequences based on the annotation from the GENCODE project (http://www.gencodegenes.org, release 23) using protocols described in previous studies (18, 19) . A total of 3,578 lncRNA-specific probes were generated to represent 2,332 lncRNAs. If 1 lncRNA matched >1 probe, the expression of this lncRNA was calculated in accordance with the average expression value of all its corresponding probes.
Differentially expressed lncRNAs between patients with MI and those with UA, as well as between patients 7 days post MI or UA and those 30 days post MI or UA, respectively, were identified using the two-tailed Student's t-test. LncRNAs with P<0.01 were regarded as differentially expressed. Hierarchical clustering of levels of differentially expressed lncRNAs was performed with R software (version 3.2.3, https://www.r-project.org/) using the metric of euclidean distance and complete linkage. The χ 2 test was utilized to test the significance of the association between the expression pattern of lncRNAs and disease status.
Statistics for classification and prediction. The support vector machine (SVM) method with the sigmoid kernel was used to perform classification analysis according to the expression of lncRNAs. R package e1071 (https://CRAN.R-project.org/package=e1071) was used for SVM-based classification. The performance of the lncRNA-based classifier, including its accuracy, sensitivity and specificity, was accessed using leave one out cross-validation (LOOCV). Briefly, in this procedure, only one patient served as a test sample and the remaining patients were training samples. This was repeated until all patients had been used as test samples. The area under a receiver operating characteristic (ROC) curve (AUC) was also used to evaluate the performance of the lncRNA-based classifier. The ROC curve was generated by plotting true positive rates (sensitivity) against false positive rates (1-specificity). All statistical analyses were performed using R statistical software (version 3.2.3, https://www.r-project.org/).
Bioinformatics analysis.
Pearson's correlation coefficient (PCC) between the expression values of lncRNAs and mRNAs in the GSE29111 was initially calculated. The top 1% mRNAs (according to the PCC value) were selected as significantly co-expressed with lncRNAs. Subsequently, functional enrichment analysis was performed for these co-expressed mRNAs to identify the potential biological processes and pathways lncRNA may be involved in. This was performed using the DAVID Bioinformatics Tool (https://david.ncifcrf.gov/, version 6.8 limited to Gene Ontology (GO) terms in the 'Biological Process' (GOTERM-BP-FAT) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway categories (20) . Biological processes and pathways with P<0.05 and an enrichment score of >1.5 obtained from DAVID Bioinformatics Tool (https://david.ncifcrf.gov/, version 6.8) were considered as a significant functional annotation.
Results

Altered lncRNA expression pattern between UA and MI.
To investigate the expression patterns of lncRNA in UA and MI, the lncRNA expression profiles of 16 patients with UA and 36 with MI were compared to identify dysregulated lncRNAs. Among the 2,332 lncRNAs analyzed, differential expression between UA and MI was observed in 53 lncRNAs (P<0.01). Among these differentially expressed lncRNAs, 18 lncRNAs were upregulated and 35 lncRNAs were downregulated in patients with MI compared with patients with UA. Furthermore, unsupervised hierarchical clustering of 52 patients in the GSE29111 cohort was performed according to the expression pattern of these differentially expressed lncRNAs. The results revealed that all patients in the GSE29111 cohort were grouped into two distinctive patient clusters (16 patients in cluster 1 vs. 36 patients in cluster 2), which exhibited a strong association with clinical symptoms (P=2.356x10 -8 , χ 2 test; Fig. 1 ). A total of 14 out of the 16 patients with UA (87.5%) were grouped into cluster 1 and 34 out of the 36 patients with MI (94.4%) were grouped into cluster 2 (Fig. 1) . The 6 most differentially expressed lncRNAs with the lowest P-values in MI and UA are presented in Table I and Fig. 2 . Of these 6 lncRNAs, 5 (AC068831.6, RP11-133L14.5, PAX8-AS1, RP11-259K15.2 and RP11-203M5.8; all P<0.001) were significantly upregulated and 1 (RP11-68I3.11, P<0.001) was significantly downregulated in patients with MI compared with those with UA ( Table I) .
Identification of lncRNAs associated with the progression of UA. To identify the lncRNAs associated with the progression of UA, differentially expressed lncRNAs were identified between patients 7 days post UA and those 30 days post UA using a two-tailed Student's t-test. As a result, it was revealed that 11 lncRNAs were involved in UA progression (P<0.01). Of these, 3 lncRNAs are upregulated and 8 downregulated in the progression of UA. Subsequently, unsupervised hierarchical clustering analysis was performed for the 16 patients with UA according to the expression of the 11 differentially expressed lncRNAs. As expected, patients at different time points post-UA were grouped into two distinctive clusters following hierarchical clustering analysis (Fig. 3) . One lncRNA (LINC01254) was regarded as the most differentially expressed between patients 7 days post UA and those 30 days post UA (Table II and Fig. 4 ). This lncRNA was significantly upregulated following the progression of UA (P<0.001).
Identification of lncRNAs associated with the progression of MI.
Comparative analyses of lncRNA expression profiles were performed between patients 7 days post MI and those 30 days post MI. A total of 30 lncRNAs were found to be associated with MI progression. Of these, 15 lncRNAs were upregulated and 15 were downregulated following MI progression (P<0.01). To determine the reliability of the aforementioned results, the same hierarchical clustering analysis for patients with MI was conducted. As expected, patients with MI were also clustered into two distinctive groups, which were significantly associated with MI status (P=4.653x10 -4 , χ 2 test; Fig. 5 ). As observed in Fig. 5, 11 out of the 18 patients 7 days post MI (61.1%) were grouped into Cluster 1 and all patients 30 days post MI (100%) were grouped into Cluster 2. The two most differentially expressed lncRNAs between patients 7 days post MI and those 30 days post MI are presented in Table III and Fig. 6 . Of these 2 lncRNAs, 1 lncRNA (CTC-463A16.1) was significantly upregulated (P<0.001) and the other lncRNA (SRD5A3-AS1) was significantly downregulated following MI progression (P<0.001).
Predictive value of lncRNAs in the diagnosis of MI.
To identify potential lncRNA biomarkers in the diagnosis of MI, random forest and SVM strategies were used to determine the optimal lncRNA combination amongst the 9 most differentially expressed lncRNAs associated with ACS. The optimal number of lncRNAs in predicting the risk of MI was 7. The use of 7 lncRNAs had a 80.77% classification accuracy (Fig. 7A ) and so were the most effective at distinguishing between patients with MI and those with UA. Therefore, the top 7 lncRNAs (RP11-68I3.11, AC068831.6, RP11-133L14.5, PAX8-AS1, RP11-259K15.2, RP11-203M5.8 and LINC01254) according to their random forest importance value were selected as candidate biomarkers. Subsequently, an SVM classifier was developed based on these 7 candidate lncRNA biomarkers and the accuracy of the classifier was evaluated using the LOOCV procedure. In this procedure, 51 patients were utilized as a training set and testing was performed on the remaining one patient. The classification of 52 samples in the GSE29111 cohort using 7 candidate lncRNA biomarkers achieved an accuracy of 90.38% with a sensitivity of 100% and a specificity of 68.75%. The discriminatory power measured by AUC was 0.976 (Fig. 7B) .
Functional analysis of candidate lncRNA biomarkers in ACS.
In order to investigate the functional roles of candidate lncRNA biomarkers in the progression of ACS, bioinformatics analysis was performed to predict potential biological processes or pathways involved in candidate lncRNA biomarkers in ACS. Co-expressed mRNAs were obtained with 7 candidate lncRNA biomarkers in ACS by calculating the PCC between the expression levels of lncRNAs and that of mRNAs. Functional enrichment analysis of these co-expressed mRNAs with the 7 candidate lncRNA biomarkers indicated that 8 biological processes in GO, including the heme biosynthetic process, ion transportation, porphyrin biosynthetic process, tetrapyrrole biosynthetic process, regulation of system process, heme metabolic process, localization of cells and cell motility were significantly enriched (P<0.01; Fig. 8A ) and three pathways in KEGG were significantly enriched, including the porphyrin and chlorophyll metabolism, neuroactive ligand-receptor interaction and calcium signaling pathway (P<0.01; Fig. 8B ), implicating that these candidate lncRNA biomarkers may be involved in ACS.
Discussion
Over the past few decades, the molecular mechanisms underlying ACS have been widely studied (21, 22) ; however, they remain to be elucidated. Following advances in genomics and transcriptomics, it has been determined that lncRNAs are a major class of ncRNAs. LncRNAs are involved in a wide range of biological processes and their dysregulated expression has been implicated in various diseases (23), including cancer, and cardiovascular disease. Recently, it was determined that lncRNAs serve important functional roles in cardiac development and pathophysiology (24) . However, the regulatory mechanism and functional roles of lncRNAs in the progression of ACS remain unclear. In the current study, genome-wide lncRNA expression was obtained from 52 patients with ACS by re-annotating existing microarray data and the expression pattern of lncRNAs during the progression of ACS was analyzed. The lncRNA expression profiles were initially examined in two distinct clinical entities of ACS: MI and UA. Among the 2,332 lncRNAs investigated, 18 lncRNAs were upregulated and 35 lncRNAs were downregulated in patients with MI compared with those with UA. Furthermore, the expression profiles of patients with ACS at different time points were compared and significantly altered lncRNA expression in the progression of ACS was observed. To the best of our knowledge, the present study is the first to characterize the lncRNA expression profile in the progression of ACS and compare the expression pattern of lncRNAs between MI and UA. Due to the high morbidity and mortality rates of patients with ACS (25), early detection and treatment of ACS may substantially improve patient prognosis. Molecular biomarkers have been used to assist in the early diagnosis of ACS and identify high-risk patients. Similar to protein-coding genes and microRNAs, lncRNAs are becoming recognized as novel biomarkers in the diagnosis and prognosis of diseases, including cancer (24, (26) (27) (28) (29) (30) (31) (32) (33) . The mortality rates of patients with UA are lower than in patients with MI (25) , therefore the aim of the current study was to determine the potential roles of lncRNAs and identify novel lncRNA biomarkers from the most significantly differentially expressed lncRNAs in MI. To achieve this goal, the expression data of the 9 most differentially expressed lncRNAs and random forest strategy were used to identify the optimal number of lncRNAs to diagnose MI, which was determined to be 7. Following the feature selection procedure, an SVM-based classifier was developed to predict MI risk based on the expression data of the 7 lncRNAs. Using this lncRNA-focus classifier, the LOOCV method was used to estimate the prediction performance in the GSE29111 dataset. The overall classification exhibited 90.38% accuracy, 100% sensitivity and 68.75% specificity. These results suggest that these 7 lncRNAs may be potential biomarkers for MI.
Although novel lncRNAs are still being identified and the number of lncRNAs will continue to increase, only a small proportion of lncRNAs have been studied in detail and the majority of lncRNAs have not yet been functionally annotated. Previous studies have identified that lncRNAs are involved in various biological processes by interacting with other molecular partners, including mRNAs (34, 35) . In the present study, to infer the potential biological processes and pathways that lncRNAs are involved in, protein-coding genes were identified that are co-expressed with these 7 lncRNAs in MI. GO and KEGG function enrichment analyses were performed for these protein-coding genes (Fig. 6 ). Functional analysis demonstrated that lncRNAs are involved in a wide range of biological processes and pathways, including ion transportation, the heme biosynthetic process, the porphyrin biosynthetic process, the tetrapyrrole biosynthetic process, regulation of the system process, the heme metabolic process, localization of cells and cell motility, porphyrin and chlorophyll metabolism, neuroactive ligand-receptor interactions and the calcium signaling pathway. A number of these biological processes and pathways are involved in the development of MI. Heme is an important molecule for cardiovascular physiology, however increased heme accumulation may exacerbate ischemic injury (36) .
In conclusion, to the best of our knowledge, the present study was the first to identify altered lncRNA expression patterns in ACS progression. Furthermore, 7 lncRNAs with diagnostic values that predict the risk of MI in patients with ACS were identified. These novel functional lncRNAs may be developed as candidate diagnostic biomarkers and therapeutic targets. However, further experimental studies are required to determine the molecular mechanism of these novel lncRNAs in the progression of ACS.
